Wetlands are not only primary producers of atmospheric greenhouse gases but also possess unique features that are favourable for application of satellite microwave remote sensing to monitoring their status and trend. In this study we apply combined passive and active microwave remote sensing data sets from the NASA sensors AMSR-E and QuikSCAT to map surface water dynamics over Northern Eurasia. We demonstrate our method on the evolution of large wetland complexes for two consecutive years from January 2006 to December 2007. We apply river discharge measurements from the Ob River along with land surface runoff simulations derived from the Pan-Arctic Water Balance Model during and after snowmelt in 2006 and 2007 to interpret the abundance of widespread flooding along the River Ob in early summer of 2007 observed in the remote sensing products. The coarse-resolution, 25 km, surface water product is compared to a high-resolution, 30 m, inundation map derived from ALOS PALSAR (Advanced Land Observation Satellite phased array L-band synthetic aperture radar) imagery acquired for 11 July 2006, and extending along a transect in the central Western Siberian Plain. We found that the surface water fraction derived from the combined AMSR-E/QuikSCAT data sets closely tracks the inundation mapped using higher-resolution ALOS PALSAR data.
Introduction
Research on arctic climate change has suggested an unprecedented increase in heat transport toward the north because of a systematic change in atmospheric circulation (Zhang et al 2008) . Concurrent with this alteration may be the recently observed dramatic loss of sea-ice (Serreze et al 2003 , increasing terrestrial net primary productivity , accelerated arctic river discharge (Peterson et al 2002) as well as above-average arctic surface temperatures (Frey and Smith 2003) which ultimately drive arctic hydrological and biological processes , Kimball et al 2006 . Associated with these reported arctic environmental changes may be increased greenhousegas emissions from lakes (Zimov et al 1997 , Walter et al 2006 and thawing permafrost (Romanovsky et al 2002 . Currently it remains speculative to which degree lake and wetland dynamics are affected by climate change, particularly for Siberia where vast geographical extent and weather conditions render year-round in situ observation of surface water patterns difficult. Satellite remote sensing is thus particularly advantageous for complete synoptic study of the behaviour of surface water dynamics across Northern Eurasia, allowing useful inference of recent greenhouse-gas emissions as well as supporting prediction of future processes.
Using optical satellite remote sensing, Smith et al (2005) have shown a net reduction in Siberian lake abundance and area. In contrast, Grippa et al (2007) and Mialon et al (2005) both using passive microwave radiometry confirm a positive surface water trend along the Ob River which the authors explain with a positive trend in river discharge and precipitation. A study carried out by Pavelsky and Smith (2008) over wetlands in Canada suggests that a significant change in river water level may point to differences in surface water patterns that cannot be explained by theoretical models of floodplain recharge.
This letter presents a remote sensing technique for determining surface water fraction based on combined passive-active microwave remote sensing data sets. This work focuses on Northern Eurasia, and a comparison of observations over two years, 2006 and 2007. Combined discharge from the six largest river basins in Eurasia reached a historical high in 2007, approximately 25% above the long-term mean Lammers 2009, RichterMenge et al 2008) . We employ passive microwave data from advanced microwave scanning radiometer-EOS (AMSR-E) on NASAs Earth observing system (EOS) aqua satellite and active radar backscatter from the SeaWinds scatterometer on the QuikSCAT satellite platform (QSCAT) to derive surface water fraction at 10 day intervals across Northern Eurasia. We compare average basin surface water values from our coarseresolution satellite product directly to river discharge measured at the mouth of the Ob River at Salekhard. We employ maps of total simulated runoff as determined with the Pan-Arctic Water Balance Model (PWBM) of Rawlins et al (2003) across the study domain to examine the variability in surface water for the two years studied as related to the springtime snowmelt. We compare our surface water product directly to a high resolution, independently developed land cover product derived from the phased array L-band synthetic aperture radar (PALSAR) data on the Japan Aerospace Exploration Agency's Advanced Land Observation Satellite (ALOS).
Study area
Our study area extends from 0 to 180
• East longitude and 55
• -90
• North latitude. This region includes six large Arcticdraining river basins, the Ob, Yenisei, Pechora (P), Severnaya Dvina (SD), Lena and Kolyma (figure 1). The Ob and Yenisei River basins contain the world's largest known wetland complex within the central Western Siberian Plain. This area is covered by boreal forest in the south, taiga in the middle and Arctic tundra in the north. Because of the continental location of these basins, permafrost is common with the growing season lasting only a few months (Kimball et al 2004) .
Data and methodology
Posted to the 25 km × 25 km EASE-Grid, passive and active microwave satellite data from AMSR-E and QSCAT provide daily coverage of the study region. Microwave emissivity has been shown to be sensitive to large-scale surface water patterns because the emissivity of open water surfaces is very small relative to other land surface types (Giddings and Choudhury 1989 , Choudhury 1991 , Sippel et al 1994 , Prigent et al 2001 , Fily et al 2003 , Mialon et al 2005 , Temimi et al 2005 , Grippa et al 2007 . Passive microwave polarization difference ratios are derived from Level 2A dual-polarized AMSR-E radiometer brightness temperature (T b ) data (Knowles et al 2006) at 6.9 GHz to support derivation of the surface water fraction. We employ the microwave polarization difference index (MPDI) defined as:
where T b(v) and T b(h) are the brightness temperatures at vertical and horizontal polarization, respectively. Use of the MPDI helps to account for the effects of surface temperature variations on brightness temperature (T b ), hence leaving a quantity that is largely dependent on the emissivity contributions from water surfaces, vegetation and soil moisture within the satellite footprint (Njoku et al 2003) . We employ only AM (morning) AMSR-E overpasses in this analysis in order to capture surface conditions as close to isothermal as practical to optimize this approach. Comparing boreal with tundra sites across Alaska and Northern Canada, Jones et al (2007) demonstrated that open water increases the AMSR-E polarization ratio most efficiently at lower frequencies, whereas over grassland a decrease in the polarization ratio may be attributed to the depolarization effect of a developing leaf canopy.
To account for the depolarization effect vegetation has on total pixel emissivity, a mixture model of active and passive microwave observations is used to quantify sub-pixel surface water fractions (figure 2). We use Level 2A HHpolarized QSCAT backscatter observations to maximize sensor sensitivity to the presence of vegetation biomass in inundated areas, maximizing backscatter dependence on scattering within the vegetation medium. Figure 2 shows this relationship for all snow free land pixels between January 2006 and December 2007 within the study domain. For each vegetation density range delineated by QSCAT backscatter σ o , we determined two end-members (minimum and maximum) between which sub-pixel surface water fraction varies linearly. A direct comparison with several lake-dominated pixels fully covered by water (MPDI of ∼0.67) reveals that total surface water fraction may be varying between ∼10 and ∼60%, assuming that, for the driest pixels in figure 2, the depolarization effect from the vegetation varies linearly between zero (at −20 dB with MPDI of ∼0.067) and 10% (at −10 dB with MPDI of ∼0.0) surface water fraction. Because surface water fraction estimates are very sensitive to variations in soil moisture particularly at 6.9 GHz, in this study we do not attempt to un-mix surface water estimates below 10% (e.g. Mialon et al 2005) .
Before determining surface water fraction, AMSR-E Cband (6.9 GHz) observations are screened for snow cover, frozen ground conditions, precipitation and radio frequency interference (RFI). The screened values are excluded from the mixture model. We use mean and standard deviation of AMSR-E brightness temperature spectral differences to identify strong RFI (Njoku et al 2005) , while weaker signals with random occurrence may be identified by a negative MPDI. Precipitation, snow cover and frozen ground are obtained from multiband AMSR-E measurements using a decision tree approach Armstrong 2001, Ferraro et al 1996) . According to the snow detection algorithm, coastal regions in Norway which are characterized by large inland water bodies and high surface topography (e.g. fjords) may not be detected as frozen ground until weeks after the initiation of snow fall. Figure 2 shows these areas with backscatter values greater than −9.5 dB for which we have not computed a surface water fraction (encircled). Moreover, very high backscatter values seen at the bottom right corner of figure 2 indicate sparsely vegetated rocky surfaces lacking open water surfaces typical for alpine mountains (e.g. Verkhoyansk range).
The remotely sensed surface fraction estimates are compared with river gauge data obtained from the Regional Integrated Hydrological Monitoring System (ArcticRIMS • -180
• East and 55
• North. For each 1 dB range of backscatter, min and max MPDI (open and filled circles, respectively) are drawn. Sub-pixel surface water fraction is calculated based on a fully water-covered lake pixel with an MPDI of ∼0.67. The contribution from the vegetation on MPDI (lower curve) varies nearly linearly between zero (at −20 dB) and 10% (at −10 dB). The large circle on the right-hand side of the graph delineates pixels which are dominated by large inland water contribution combined with high surface topography (e.g. fjords). Pixels that include snow covered areas, frozen ground conditions, precipitation, ocean areas, large lakes, coastal zones and radio frequency interference contamination have been excluded (screened) from these data. available at http://rims.unh.edu) as well as runoff simulations using the PWBM model (Rawlins et al 2003) . Details of these simulations, including the influence of unusually high snow water equivalent on the record discharge for the combined flow of the six largest Eurasian Rivers (Shiklomanov and Lammers 2009) 
are given in Rawlins et al (2009).
Our surface water map is compared with an 30 m resolution inundation map derived from high-resolution ALOS PALSAR imagery acquired on 11 July, 2006 along a transect in a sub-region of the Ob basin (figure 1). The PALSARbased inundation map was aggregated to a 25 km EASEGrid projection to facilitate comparison with the coarseresolution surface water fraction products derived in this study. Landsat imagery and a digital elevation model (DEM) were used in conjunction with the ALOS PALSAR data to improve differentiation of open water from bare and sparsely vegetated surfaces. The synergistic use of optical and radar data is thus advantageous for accurately characterizing open water. The classification algorithm applied to the ALOS PALSAR/Landsat/DEM data was a supervised decision tree based approach adapted from the Random Forest algorithm (Breiman 2001) . As verified with training data acquired for a nearby site, this classification algorithm identifies two inundated land cover classes: open water and inundated vegetation.
Additional information on the classification approach is provided in Whitcomb et al (2009) . 
Results
Surface water fraction is computed on a 10 day basis over the period January 2006 to December 2007. Figure 3 In figure 6 , estimates of surface water fraction from AMSR-E/QSCAT are compared with surface water fraction derived from ALOS PALSAR imagery to validate the AMSR- mappings derived from the ALOS PALSAR imagery using the approach described in the methods description. (1) and (2) therefore is that fraction of the landscape consisting of inundated vegetation, as observed by ALOS PALSAR. Our AMSR-E/QSCAT surface water mapping approach largely agrees with the high-resolution inundation product derived from ALOS PALSAR. The comparison shows that the AMSR-E/QSCAT product delineates not only the fraction of open water but is also sensitive to some extent to the inundated vegetation. The AMSR-E/QSCAT method shows between 2 and 8% increase in surface water fraction over the mean open water estimate made by ALOS PALSAR (bottom red curve). The AMSR-E/QSCAT approach is not able to penetrate dense vegetation as compared to the longer wavelength (L-band; 1.27 GHz frequency) ALOS PALSAR sensor, nor is it able to delineate smaller areas of surface water as is the higher-resolution PALSAR data, and as a result underestimates total surface water fraction (open water plus inundated vegetation) relative to that found by ALOS PALSAR (top red curve). The coarse AMSR-E footprint size (75 km × 43 km at 6.9 GHz) relative to the 25 km × 25 km EASE-Grid cell size to which these data sets have been posted leads to a spatial smoothing in the AMSR-E/QSCAT product that is evident when compared to the higherresolution PALSAR product. This initial comparison is limited by currently-available PALSAR data sets as of this analysis. Assembly and classification of additional PALSAR data sets across larger areas of the study domain are on-going and will be addressed in follow-on analyses.
Summary and conclusion
The objective of this study was to demonstrate a capability for robust monitoring of surface water dynamics over large areas, such as demonstrated here over Northern Eurasia. Subpixel surface water fraction was calculated directly from Cband AMSR-E passive microwave brightness temperature data using the microwave polarization difference index (MPDI). Polarization ratios such as the MPDI are effective in separating the effects of temperature, open water and vegetation. The vegetation effect on total pixel emissivity was taken into account by incorporating HH-polarized QSCAT backscatter data. A linear mixture model was developed that allowed the computation of sub-pixel surface water fraction, utilizing several lake pixels fully covered by water. We observe reasonable agreement between simulated land surface runoff, surface water fraction, and river discharge This may have helped keep river discharge rates high and contributed to greater water amounts within the wetland complexes during that time.
When compared to a high-resolution inundation map derived from ALOS PALSAR data, we found our new mapping approach shows great potential for accurate surface water mapping across Northern Eurasia. The AMSR-E/QSCAT approach was able to delineate not only variation in open water area, but also demonstrated sensitivity to variations in inundated vegetation although the sensitivity to total inundation from the longer wavelength ALOS PALSAR is not achieved. The larger nominal footprint of AMSR-E/QSCAT also tends to suppress sensitivity to spatial variability along the transect compared.
